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Abstract—The growing penetration of distributed energy re-
sources is transforming distribution systems into active partic-
ipants in bulk power system operations, making coordinated
transmission and distribution (T&D) optimization essential.
However, most existing TSO-DSO coordination methods either
impose explicit interface limits or treat physical feasibility and
economic efficiency as separate design steps. To address this gap,
this paper proposes a distributed coordination framework based
on the alternating direction method of multipliers (ADMM) that
simultaneously guarantees interface physical feasibility and yields
market-consistent interface prices. First, the physically feasible
interface power range for each DSO is explicitly computed via
interface power optimization, and it is analytically shown that
ADMM iterates and their convergence points remain strictly
within these bounds without requiring additional interface con-
straints. Second, it is proven that the converged ADMM dual
variables coincide with the marginal costs of interface power in
the system Lagrangian and lie on the aggregated DSO bid curve,
thus providing an emergent market equilibrium price signal at
the TSO-DSO boundary. Simulation case studies on an enhanced
IEEE 13-bus distribution feeder and a modified IEEE 39-bus
transmission system integrated with three distribution networks
(IEEE 33-, 69-, and 85-bus feeders) demonstrate the effectiveness
and efficiency of the proposed method in coordinating T&D
operations under 13—66% wind penetration, achieving up to 55%
total cost reduction while maintaining DSO self-sufficiency levels
between 57% and 100%.

Index Terms—TSO-DSO coordination, ADMM, distributed
optimization, interface pricing, physical feasibility, market equi-
librium, cost minimization

I. INTRODUCTION

The transformation of power systems driven by increasing
levels of non-dispatchable energy resources (NDERs) has
fundamentally altered the traditional hierarchical relationship
between transmission and distribution networks [1], [2]. On
the distribution side, the growing presence of distributed
energy resources (DERs) is shifting distribution systems from
passive load centers into active operational entities within the
broader power system [3]. On the transmission side, large-
scale variable energy resources (VERs) introduce additional
uncertainty and operational variability. As a result, coordinated
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transmission and distribution (T&D) optimization has become
essential for ensuring efficient and reliable system operation.

Traditional centralized optimization approaches struggle to
meet these emerging needs due to computational complexity,
information privacy concerns, and the requirement for au-
tonomous operation of distribution systems [4]. As a result,
distributed coordination frameworks have gained prominence
because they allow T&D operators to solve local problems
independently while exchanging limited information [5], [6].
However, despite the promise of distributed methods, several
core challenges remain unresolved.

A central challenge is ensuring that distributed coordination
intrinsically respects the physical feasibility of T&D inter-
face power flows. Existing TSO-DSO coordination methods
typically impose explicit interface limits or treat physical
feasibility and economic efficiency as separate design steps
[3], which obscures the underlying relationship between net-
work constraints and the economic signals produced during
coordination [7]. Although the alternating direction method
of multipliers (ADMM) [5] has been widely adopted for
distributed power system optimization, prior studies have not
established a theoretical link between ADMM iterates and
the physical interface feasibility bounds dictated by network
constraints. Research on interface power management [8], [9]
typically assumes predetermined limits or applies heuristic fea-
sibility adjustments, leaving open the question of whether such
feasibility can naturally arise from the ADMM structure itself.
These unresolved issues highlight a fundamental gap: existing
T&D coordination frameworks do not yet provide a unified
treatment of physical feasibility, distributed computation, and
economic interpretation.

To address these challenges, this paper develops a dis-
tributed T&D coordination framework based on the ADMM
that establishes a direct theoretical coordination between
ADMM updates, feasible interface power regions, and
marginal-cost-based interface signals. The proposed frame-
work first computes the physically feasible interface power
range for each DSO using interface power optimization. It is
then analytically demonstrated that ADMM iterates and their
convergence points naturally remain within these feasibility
bounds without requiring explicit interface constraints. Build-
ing on this property, the framework further shows that the
converged ADMM dual variables coincide with the marginal
cost of interface power in the system Lagrangian and lie
on the aggregated DSO bid curve, thereby revealing that



equilibrium-consistent interface signals emerge intrinsically
from the distributed coordination process rather than from
externally imposed mechanisms. The contributions of this pa-
per include establishing the theoretical foundation integrating
ADMM-based distributed coordination with physical interface
feasibility, showing that equilibrium-consistent interface sig-
nals naturally emerge from the algorithm’s dual updates, and
validating these properties across diverse operating conditions
in large-scale T&D systems.

II. PROBLEM FORMULATION AND THEORETICAL
FRAMEWORK

A. System Architecture

The coordinated T&D system comprises a transmission
network operated by the TSO and K distribution networks
managed by individual DSOs. The transmission system is
characterized by the tuple (7N, 7% T7¢ TW TP), where
TN represents the set of transmission nodes, 7¢ C TN
denotes controllable generators, TW TN represents VERs,
TL C TN x TN defines transmission lines, and 7P C 7V
identifies boundary nodes connecting to distribution systems.

Each distribution system k¥ € K = {1,2,...,K} is
represented by the tuple (DY, DL, DS, D)), where DY de-
notes the set of distribution nodes, D,? represents distributed
generators, D}" indicates DERs, and DF defines distribution
lines. The distribution networks maintain radial topology with
each node having a unique parent, except for the root node
connecting to the transmission system. Let 7 = {1,2,...,T}
denote the set of time periods in the optimization horizon.

B. Interface Power Optimization and Feasibility Bounds

Before presenting the ADMM coordination algorithm, the
physical feasibility bounds of the T&D interface are first
established via interface power optimization. For each DSO &
at time ¢, the feasible interface power range is defined through
the following optimization problems [9]:

Pmin,k‘,t = III)l_in Dim,k.t» (1a)
Pmax,k,t = IZI}_aX Pim k,t> (1b)
]:k7t = [Pmin,k,ta Pmax,k,t]~ (IC)

subject to DSO network constraints, generation limits, and
power flow equations, (la) defines the minimum interface
power, the most negative feasible pj, ¢, representing the
maximum export capability of DSO k at time ¢. (1b) defines
the maximum interface power, the most positive feasible
Dim, k,t> Tepresenting the maximum import capability. Finally,
(1c) expresses the feasible interface range Fk,t as the interval
bounded by these two extremes. With the convention pim > 0
for import and p;, < 0 for export. (la)-(1c) explicitly
captures both physical and operational limits governing power
exchange between the TSO and DSO.
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C. Cost Minimization Framework
The total system cost minimization problem is:
K
I)I(llél COStTS(X) + Z COStDS,k(Yk), 2)
k=1
subject to transmission network constraints, distribution net-
work constraints, and the interface power balance constraint:

DPex,k,t = Pim,k,t» vk € ICa te Ta (3)

where pe; . denotes the power exported from the TSO to
DSO k at time ¢, and p;y, 1.+ denotes the power imported by
DSO k from the TSO at time t.

The TSO cost function incorporates generation costs, VER
costs, demand utility, and interface payments:

Costrg = Z Z Og(pz;,ts) + Z TR,w w?l:ff

teT |geT¢ weTW
- Z Ua(pa) + Z Byt Peawiet| s  4)
deDTs ke

where Cy(-) represents the generation cost function for gen-
erator g, g, denotes the VER cost per unit, Uy(-) is the
demand utility function, and 3, + represents the interface price
for power exchange at the TSO-DSO boundary.

Similarly, the DSO k cost function is:

_ DS DS
Costpsk = | D CorPhie) + D TRuwk Wiy

teT gEDkG ’wEDZV
- Z Udak(Ddket) — Bt - Pimokyt | )
deDy

where the cost components are analogous to those in the
TSO cost function. The interface price (3 ; acts as a transfer
payment between TSO and DSO, ensuring revenue neutrality
across the interface.

D. TSO Optimization Problem

The TSO solves the following optimization problem:

: TS\2 TS
Xrs Z Z (co2(Pyy)? + cg1pgy + cg0ug,i)
teT | geTC
TS
+ Z 7"-R,wU)w’t + Z 5k,tpew,k,t P (6)
weTW ke

subject to the following transmission network constraints:
Power balance at each node i € 7V and time t € T

Z Pgi + Z we —diy = Z Bij(0ix —05:), (T)

9€G; weW; JEN;

where dZTf represents the demand at node 4, B;; is the
susceptance of the transmission line between nodes ¢ and j,
0;.+ is the voltage angle at node ¢, and N; denotes the set of
nodes adjacent to node i.



Generator capacity constraints:
Ugy - Pgmin < pgT,f Sugy - P, Vg e TC teT, 8

where w4 is the binary commitment status, and P;ﬁ“ and
P are minimum and maximum generation limits.

Ramping constraints:
—RY <py} —pgi  <RP, VgeT%teT, (9

where Ry and RI™ denote the upward and downward
ramping rates.
Line flow limits:

‘Bij (ai,t -

where F77%* is maximum thermal limit of transmission line.

00| < FP™, V(i,j)eTH teT, (10)

E. DSO Optimization Problem

Each DSO £k solves the following cost minimization prob-
lem:

{I,lm Z Z Cy.r( pgkt

k teT gGDG

DS
E TR,w,kWy k¢

weD

1D

subject to distribution network constraints using SOCP relax-
ation.

Power balance equations for real and reactive power at each
node i € DY and time t € T

_Bk:,tpim,k,t] ,

Dg,i,t +pw,i,t z t+ Z Ji,t — ryz jt, t Z P177t7
Jj€eC; jec;
(12)
qut+qwzt qdzt+z szt le]’lt Zszh
Jjeti J€EC;
(13)

where P;;; and @);;; denote real and reactive power flows on
line (i, j), r;; and x;; are line resistance and reactance, lj; ;
is the squared current magnitude, and C; represents the set of
child nodes of node ¢ in the radial distribution network.
Voltage relationship incorporating SOCP relaxation:

v = Via—2(ri; Pyt Qig.) +(rf+ai) e, V(i §)
14
where v; ; represents squared voltage magnitude at node 4.
Current magnitude constraint (second-order cone relax-
ation):

P+ Q; .
lijt > i Q“, V(i,j)eDE teT, (15
Vit
Voltage limits:
Ve Svie < Vo VieDY, teT, (16)

where Vi, and Vi, are the minimum and maximum allow-
able voltage magnitudes.
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F. ADMM Coordination Algorithm

The ADMM algorithm coordinates the TSO and DSO
problems through iterative updates of primal and dual variables
[5], [10]. At iteration v, the algorithm proceeds as follows:

TSO Problem: The TSO solves its optimization problem
with fixed dual variables:

TS,(v+1) _ : TS
X = argmin Costrg(X*7)

+ Z /J'](gl:t)pex,k,t
k.t

p y
+ 23 e =P (D
kit

where u,(:t) is the dual variable (Lagrange multiplier) at

iteration v and p > 0 is the augmented Lagrangian penalty
parameter.
DSO Problems: Each DSO £ independently solves:

Y]?S7(V+l) = arg{l{lﬂi}% COStDS,k(Y]?S)
3

_Zﬂktpzmkt
pzpzmkt

with the constraint that p§:n+kl )t € Fi,t. Note that the DSO

explicitly enforces the bounds in (1c), while (18) ensures that
the TSO also respects them at optimality via the ADMM coor-
dination mechanism. Dual Update: Update the dual variables
(interface prices):

v+1 v v+1
Y = e+ el -

plE2,(18)

(v+1) )

Pim jt)- (19)

The al orlthm converges when the primal residual r(*) =
1Pt — p(2)|| and dual residual s = [|p(pls) —ple, V)|l fall
below prescribed tolerances [5].

At convergence, the interface price emerges as S+ = pj 4,
representing the marginal cost of power transfer at the TSO-
DSO interface. This price signal ensures efficient resource
allocation across system boundaries without requiring central-
ized coordination or bilateral negotiations.

€ Dl L G. Theoretical Results

1) Theorem 1: Feasibility Preservation: Let
[Puin,k,ts Pmax,k,t) e the feasible interface power range for
DSO k at time t. Then the ADMM solution satisfies:

VEeK, teT.
(20)

* *
Dt = Pt € [Pmilhkﬂf’ Prnax,k,tL

Proof: At each ADMM iteration v, the DSO solves:

(v+1)

Phriiy € arg min {Costos k(p) — 4{!)p

14 2
+ 2 —p )}
Since Fj+ is compact and convex, the solution exists and

satisfies pl(»;i,i)t € Fi,: by definition of the optimization

2n



domain. Since each iterate maintains feasibility, and ADMM
convergence respects the feasible set of the constituent sub-
problems, at convergence we have pZ, ., =D, 1 € Ft-

2) Theorem 2: Price-Marginal Cost Equivalence: The con-
verged ADMM dual variable equals the marginal cost of
interface power in the system Lagrangian:

o aﬁsystem

= ; (22)
apimerface p=p*

Mt
where Lyysem is the augmented Lagrangian of the overall
coordination problem.

Proof: At optimality, the KKT conditions of the coordinated
problem yield:

V,Costrs(ps,) + 1 =0, 23)
V,Costps (p;,) — 1 = 0. (24)

Combined with the convergence condition p}, = p},, = p*,
these equations imply:

p* = —V,Costrs(p*) = V,Costps(p*), (25)

which represents the marginal value of interface power in
both the TSO and DSO optimization problems, confirming
the economic interpretation of the dual variable.

3) Theorem 3: Market Equilibrium Correspondence: The
ADMM solution (p*,u*) lies on the aggregated bid curve
constructed from DSO cost functions at the point where TSO
supply marginal cost equals DSO demand marginal utility:

0Cost
p* = BidCurve(p*) = % (26)
Pimp,=pr
This establishes that ADMM finds the market equilibrium
point where TSO supply marginal cost meets DSO demand

marginal utility.

III. SIMULATION RESULTS AND VALIDATION

The proposed framework was evaluated using two system
configurations. The first configuration assessed the feasible
interface region using a single DSO test network derived
from the enhanced IEEE 13-bus distribution feeder. This
system preserves the original radial topology with 13 buses
and 12 lines and incorporates a representative mix of DERs,
including solar and wind units, energy storage, and flexible
demand response capabilities. The full T&D coordination was
subsequently tested on a larger integrated system consisting of
a modified IEEE 39-bus transmission interconnected with three
distribution systems, providing a comprehensive setting to
examine coordination behavior under more complex operating
conditions. The distribution systems consist of the IEEE 33-
bus (DS1), IEEE 69-bus (DS2), and IEEE 85-bus (DS3)
feeders, connected to the transmission at buses 3, 10, and 17,
respectively, via tie-lines rated at 1000 MW and 2000 MVAr.

Four scenarios were evaluated to assess system performance
under varying NDER and load conditions. The Baseline case
represents moderate wind penetration and balanced power
exchange between TSO and DSOs. The High NDER case
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Fig. 1. ADMM power exchange convergence within interface power optimiza-
tion bounds for hour 6 and hour 12. Top row shows convergence trajectories
with feasible range (green shaded area). Bottom row displays corresponding
bid curves with ADMM equilibrium points (red lines) and interface prices
(green dotted lines).

increases wind generation and DSO self-sufficiency, resulting
in limited interface trading. The Balanced Penetration case
achieves higher NDER integration with stable interface flows,
while the Wind-Dominant case tests the framework under
extreme wind penetration, highlighting system behavior under
high variability and export conditions.

A. ADMM Convergence Within Physical Bounds

The results between the ADMM convergence within phys-
ical bounds are first analyzed. Fig. 1 presents the empiri-
cal validation of Theorem 1, showing ADMM convergence
behavior relative to physical feasibility bounds across four
representative hours. It observes that all ADMM trajectories
for TSO exports and DSO imports converge within the green-
shaded feasible region without explicit constraints, demon-
strating guaranteed feasibility. The algorithm achieves rapid
convergence within 40-60 iterations even when initialized far
from the feasible bounds. At convergence, interface prices
align with the marginal costs on the bid curves, confirming
accurate price formation, while the final solutions consistently
settle near the economic optimum rather than at boundary
extremes, reflecting efficient market coordination.

Fig. 2 illustrates the intrinsic coordination between ADMM
convergence and physical feasibility across all test hours. The
figure shows that all ADMM solutions remain strictly within
the feasible interface range, demonstrating the algorithm’s
consistency with network limits.

B. Economic Performance Analysis

The results from the second case study are further dis-
cussed. Tab. I summarizes the economic performance across
all scenarios, revealing substantial cost variations driven by the
generation mix and the effectiveness of T&D coordination.

The total system cost decreases substantially across the four
scenarios, from $1.31 million in Scenario 1 to $0.58 million in
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remain within the interface power optimization bounds across all 24 hours.
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Fig. 3. Integrated ADMM convergence and system coordination analysis for
Scenario 1: (a) Convergence residuals, (b) Objective evolution, (c) Interface
power exchanges, (d) Marginal prices (LMPs), (e) TSO generation dispatch,
and (f) DSO import profiles.

Scenario 4, representing a 55% reduction enabled by increased
utilization of non-dispatchable energy resources. The cost per
MWh likewise declines from $4.81 to $2.15, indicating that
coordinated T&D operation effectively captures the economic
value of higher VER penetration. Interface trading volumes
further illustrate the coordination dynamics: Scenario 1 shows
moderate exports from the transmission system (40 GWh),
Scenario 2 exhibits minimal trading (18.6 GWh) due to high
DSO self-sufficiency, Scenario 3 reflects balanced exchanges
(31 GWh), and Scenario 4 produces the highest trading
level (56 GWh) as surplus wind generation is efficiently
redistributed. Interface prices follow the underlying supply
conditions, with Scenarios 1 and 3 maintaining mid-range
values (approximately $9.40-$9.46/MWh), Scenario 2 show-
ing higher prices ($11.01/MWh) under resource scarcity, and
Scenario 4 reaching the lowest prices ($5.87/MWh) during
significant VER abundance. Together, these results demon-
strate that the proposed coordination framework effectively
aligns interface power flows and economic signals with system
conditions. Fig. 3 further illustrates the ADMM coordination

TABLE I
ECONOMIC PERFORMANCE SUMMARY ACROSS ALL SCENARIOS.

Metric Sce.1 Sce.2 Sce.3 Sce.4

Total Cost ($M) 1.31 1.05 0.92 0.58

Cost per MWh ($/MWh) 4.81 5.32 3.86 2.15

Wind Penetration (%) 13.25 22.4 36.28 65.77
Interface Trading (GWh) 40.0 18.6 31.0 56.0
Avg. Interface Price ($/MWh) 9.46 11.01 9.40 5.87
ADMM TIterations 240 329 195 30
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process under Scenario 1, where the primal and dual residuals
in Fig. 3(a) decrease rapidly from the order of 10° to below
10~°, indicating strong numerical convergence and tight syn-
chronization between the TSO and DSO subproblems. The
total system cost in Fig. 3(b) stabilizes near $1.26 million
within the first 100 iterations, confirming fast convergence and
economic efficiency.

IV. CONCLUSION

This paper presented a comprehensive distributed coordi-
nation framework for TSO-DSO systems using the alternat-
ing direction method of multipliers, supported by theoreti-
cal foundations. The proposed cost minimization framework
enables coordinated transmission and distribution operations
while preserving operator autonomy and information privacy.
The study established three key theoretical results: ADMM
convergence naturally satisfies physical interface feasibility
bounds without requiring explicit constraints; the dual vari-
ables at convergence correspond to true marginal costs on the
aggregated bid curves; and the framework intrinsically unifies
the physical and economic characteristics of coordinated T&D
operation through its mathematical structure. These contribu-
tions advance the fundamental understanding of distributed op-
timization in large-scale power systems. Future research may
extend this framework to multi-period uncertainty modeling,
stochastic NDER variability, and real-time T&D operations.
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